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Abstract: The palm oil industry is one of the major producers of vegetable oil in the tropics. Palm oil
is used extensively for the manufacture of a wide variety of products and its production is increasing
by around 9% every year, prompted largely by the expanding biofuel markets. The rise in annual
demand for biofuels and vegetable oil from importer countries has caused a dramatic increase in the
conversion of forests and peatlands into oil palm plantations in Malaysia. This study assessed the
area of forests and peatlands converted into oil palm plantations from 1990 to 2018 in the states of
Sarawak and Sabah, Malaysia, and estimated the resulting carbon dioxide (CO2) emissions. To do so,
we analyzed multitemporal 30-m resolution Landsat-5 and Landsat-8 images using a hybrid method
that combined automatic image processing and manual analyses. We found that over the 28-year
period, forest cover declined by 12.6% and 16.3%, and the peatland area declined by 20.5% and 19.1%
in Sarawak and Sabah, respectively. In 2018, we found that these changes resulted in CO2 emissions
of 0.01577 and 0.00086 Gt CO2-C yr−1, as compared to an annual forest CO2 uptake of 0.26464 and
0.15007 Gt CO2-C yr−1, in Sarawak and Sabah, respectively. Our assessment highlights that carbon
impacts extend beyond lost standing stocks, and result in substantial direct emissions from the oil
palm plantations themselves, with 2018 oil palm plantations in our study area emitting up to 4%
of CO2 uptake by remaining forests. Limiting future climate change impacts requires enhanced
Forests 2020, 11, 1285; doi:10.3390/f11121285 www.mdpi.com/journal/forests
Forests 2020, 11, 1285 2 of 22
economic incentives for land uses that neither convert standing forests nor result in substantial
CO2 emissions.
Keywords: oil palm; forest change; land cover change; landsat; carbon emission
1. Introduction
Forests play a significant role in reducing the negative impacts of global climate change by
absorbing carbon dioxide (CO2) and storing it in tree biomass; additionally, they also contribute to
preserving watersheds and natural habitats for wildlife. Over the past few decades, forested lands
have undergone far-reaching transformations due to massive rates of deforestation, usually arising
from social pressures aligned with economic development [1–3]. Given population expansion, it comes
as no surprise that one of the major contributors to deforestation is the massive increase in agricultural
land [1,2,4–7]. Oil palm, being an omnipresent agricultural commodity, has a significant impact on the
environment. These rapid changes in land use have been associated with the degradation of natural
resources and environmental pollution [8].
In Malaysia, oil palm demand has grown over the past few decades and this trend has been
amplified over the last few years [9]. This rapid growth of the palm oil industry has resulted in
increased production and land use and land cover (LULC) change [10]. Oil palm cultivation expanded
from 54,700 hectares in early 1960 to 5.64 million hectares by the year 2015, and Malaysia’s Ministry of
Primary Industry has proposed to cap the oil palm plantation area to 6.5 million hectares by 2023 [11].
Malaysia is the world’s second-largest oil palm producer; it is incumbent on all organizations and
people to adhere to a more sustainable oil palm cultivation approach, which is less detrimental to
forest growth and its carbon sequestration abilities [2].
Even though in the early years of oil palm expansion, mineral soils were abundant and preferred
for cultivation, throughout the years, it extended into marginal soils such as peat due to limited suiting
lands [12,13]. This intervention has generated a red alarm about the future of species and carbon-rich
old-growth and selectively logged forests. Notwithstanding the evident repercussions, several studies
have identified increasing concerns from the impacts of industrial oil palm plantations on forests [14].
In this sense, integration of remote sensing and geographical information systems (GIS) can be deemed
as powerful tools for analyzing, quantifying, and visualizing the impact of potential changes of the
oil palm areas from local to global scales [15]. A recent review study undertaken by Chong et al. [16]
underscored the ability of remote sensing to assist oil palm plantation management—such as by
conducting land cover classification, change detection on oil palm land cover, tree counting, age
estimation, biomass, carbon production assessment, yield appraisal, and disease detection. In our
study, we emphasize the ability of spatial technologies to monitor natural land cover conversion
resulting from palm oil plantation expansion.
Sarawak occupies 37.5% of the total land area of Malaysia [17], which at present, is undergoing
aggressive deforestation due to agricultural expansion [18]. Its total oil palm area has increased from
473,134 ha in 2000 to approximately 1.16 million ha in 2009. Over time, areas planted in oil palm
in Sarawak increased further, and in 2018 the total area planted for oil palm reached 1.57 million
ha [19]. Meanwhile, in Sabah, the northern part of Borneo, deforestation of tropical forests has been
happening since the early 1950s due to commercial logging. Over the years, deforestation switched
from commercial logging to agricultural plantations [5,14,20] and consequent channeling to open broad
road networks that require access through the forests. In Sarawak alone, the dependency of the state
economy on forestry, which contributed to 52% of state revenue, is the main driving force to land-use
change [6].
The LULC changes arising due to the palm oil industry expansion resulting in the conversion of
forest and peatland have been repeatedly associated with deforestation and substantial carbon dioxide
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(CO2) emission from the burning of biomass [21]. In the past three decades, tropical peatlands have
lost more than 2.5 gigaton carbon (Gt C) of carbon stock in total—of which 427.2 ± 90.7 Mg C ha−1
or 17.1 ± 3.6 Mg C ha−1 yr−1 was attributed to C loss resulting from biomass and peat due to the
conversion of tropical virgin peat swamp forests into oil palm plantations [22]. Malaysia is the
second-largest producer of oil palm in the world, and Sabah and Sarawak are the two largest oil palm
producing regions in the country; however, there exists limited information on the extent and effects of
forest and peatland loss driven by oil palm expansion. In addition, the CO2 emission from palm-driven
land-use change is also poorly recorded in the Sabah and Sarawak regions. Most of the research has
focused on global and national scales [23–26], thus ignoring the high degree of uncertainty in emissions
existing at local levels. This study worked to provide such information by using multitemporal remote
sensing analyses from 1990 to 2018 to quantify the loss of tropical forest and peatland through the
expansion of oil palm plantations in Sabah and Sarawak, Malaysia, and then quantifying the rates of
associated CO2 emission and uptake. This information is critical to motivate and support government
efforts to sustainably manage these areas in the future.
2. Materials and Methods
2.1. Study Area
This study focused on oil palm areas located in East Malaysia—states of Sarawak and Sabah
(Figure 1). Sarawak is the largest state in Malaysia, with an area almost equal to that of Peninsular
Malaysia. Sarawak is located at the north of the equator between latitude 0◦ 50′ and 5◦ N, longitude
109◦ 36′ and 115◦ 40′ E and 600 km from Peninsular Malaysia, where its regions cover about 800 km
along the northwest coast of Borneo. It is home to some of the world′s most distinct flora and fauna.
The total area of Sarawak is 12.4 million ha, with a population of 2.77 million. Based on the annual
report from the Forest Department of Sarawak [26], 4.2 million ha are permanent forest estate and
712,012 ha are protected areas. Sarawak’s forest consists of four types—hill mixed dipterocarp forest,
peat swamp forest, mangrove forest, and others (kerangas and montane forest)—with hill Mixed
dipterocarp forest comprising 65.4% of total cover.
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Sabah is the second largest state in Malaysia after Sarawak and shares a common boundary with 
Sarawak towards the southwest; it also shares borders with East Kalimantan (Indonesia) in the south. 
The state is located in the northern part of the island Borneo. Sabah, similar to Sarawak, is home to 
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Sabah is the second largest state in Malaysia after Sarawak and shares a common boundary with
Sarawak towards the southwest; it also shares borders with East Kalimantan (Indonesia) in the south.
Forests 2020, 11, 1285 4 of 22
The state is located in the northern part of the island Borneo. Sabah, similar to Sarawak, is home
to many endemic species of flora and fauna. The total area is 7.4 million ha (Sabah Structure Plan
2033 [27]), with an estimated population of 3.74 million (National Physical Plan-3 [28]); the subtotal
forest reserves, according to the Sabah’s Forestry Department, encompasses 3.54 million ha with
1.35 million classified as protected forest reserves. Its forest consists of four categories, which are:
coastal and mangrove forests, dipterocarp forests, heath and limestone forests, and montane forests.
2.2. Data Collection
The analysis of land cover change from forest conversion by oil palm plantation was derived
from two 30 m spatial resolution multispectral satellite image series—Landsat-5 Thematic Mapper
(TM) and Landsat-8 Operational Land Images (OLI) data downloaded from http://glovis.usgs.gov/ [29].
A series of images taken within the same month with less cloud cover was used on a yearly basis to
obtain an average of each band rather than using a single date image to represent the whole month.
In total, 22 scenes of satellite images from Landsat-5-TM year 1990 and 16 scenes of satellite images
from Landsat-8-OLI year 2018 from each state were used to conduct the analysis of LULC change
into oil palm plantations in this study (Figure 2). All images collected during the southwest monsoon
season were selectively downloaded, specifically, the months of June and July, when East Malaysia
generally experiences clear skies with cloud cover less than 10% coverage.
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i s satel ite images, auxil ary dat obtained from various sources were also used to map and
validate the land use and oil palm in Sabah a d Sar wak. A soil map produced by the Department of
Agriculture Sabah and Sarawak dated 1990 was used to digitize the pea land polygon layer, while Sabah
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and Sarawak peatland polygon layer for the year 2018 was based on the Harmonised World Soil
Map for Malaysia obtained from The Food and Agriculture Organization (FAO)/United Nations
Educational, Scientific, and Cultural Organization (UNESCO) soil map of the world [30]. Furthermore,
statistical data obtained from the Malaysian Palm Oil Board (MPOB) and Sabah and Sarawak Forestry
Department were used to compare the results obtained in this study with the oil palm and forest
area statistics obtained from the respective agencies. We also used oil palm polygon boundary data
obtained from Roundtable on Sustainable Palm Oil (RSPO) as a benchmark and reference to map all
types of oil palm plantation; that is both small- and large-scale oil palm plantations, regardless of
their status (certified and noncertified holders). Finally, forest cover change data that were obtained
from the Global Land Analysis and Discovery (GLAD) (formerly addressed as The Hansen tree cover
change data) [15], accessed through Global Forest Watch were used as a reference to observe the extent
of forest change from 2000 to 2019. Table 1 shows the datasets and overall description of data usage to
map land use and oil palm plantations over Sabah and Sarawak states for the years 1990 and 2018.
Table 1. Datasets specification used in the study.
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A total of 38 Landsat scenes from Landsat-5 and Landsat-8 downloaded from the GloVis website
were atmospherically, radiometrically, and geometrically corrected to improve the image quality.
Atmospheric and radiometric corrections were performed using the ATCOR module [31] in ERDAS
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Imagine software, version 2018 [32]. All the preprocessed images were georeferenced with UTM,
Zone 49 and 50 North Projection, and WGS 84 datum using ArcGIS software [33].
2.3.2. Seamless Image Mosaicking
After the preprocessing, to create a seamless image mosaic, thick and thin cloud effects were
removed. The F mask algorithm, developed by Zhu and Woodcock [34], was used to detect both
clouds and cloud shadows for Landsat TM and Landsat OLI. The probability mask and scene-based
threshold were used to compute the cloud mask, while the cloud shadows were calculated using a
combination of lapse rate and object matching and a flood-fill transformation. The input data in the F
mask operation were the top of atmosphere (TOA) reflectance bands (band 1, 2, 3, 4, 5, and 7) and
brightness temperature band (BT) (band 6—TM and band 10/11—OLI). Landsat digital number (DN)
values were converted to TOA reflectance and BT (degree Celsius) before applying rules based on
cloud and cloud shadow physical properties to extract the potential cloud and cloud shadow layer.
Finally, the potential segmented cloud layer and the geometric relationships were used to match the
potential cloud shadow layer to produce the final cloud and cloud shadow layer. This cloud removal
operation was fully operated using the Fmask function in ENVI 5.3 software [35]. For each satellite
image scene, two different images that were captured at different dates on the same month were used
in the cloud patching process (Figure 3) to create seamless mosaic products (atmospherically corrected
and free cloud cover images), which were then used in the subsequent process as an input.
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Figure 3. The phase of creating a seamless mosaic product from individual Landsat image; (a) Landsat-8
OLI, 10 June 2018; (b) Landsat-8 OLI, 18 June 2018; and (c) 2018 cloud-free Landsat Image over Kuching,
Sarawak area.
The F mask algorithm successfully removed 96% of cloud covers and the shadows. The algorithm
also efficiently detected low-temperature and thin clouds in high altitudes through thermal sensors
onboard Landsat-TM and Landsat-OLI. Even though the algorithm assists in the cloud removal process
and makes the monitoring work at landscape level practical and feasible, it failed to detect small
patches of scattered clouds on the images.
2.4. Land-Use Land Cover Extraction and Classification
2.4.1. Oil Palm Plantations Mapping (Manual Extraction)
This study applied a combination of manual interpretation of satellite data and automated
classification of Landsat images for LULC analysis. The oil palm plantations were manually digitized
on-screen by visually interpreting Landsat imagery; this method has been widely accepted and has
been successfully used to map oil palm plantations in the major oil palm producing countries, such as
Indonesia and Malaysia [7,13,36,37]. Since oil palm has similar reflectance patterns as secondary forest,
but are frequently organized in rectilinear patterns, the visual interpretation method was found to be
the most efficient method in identifying oil palm cultivation areas (Figure 4). We mapped plantations
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in 1990 and 2018 based on a cloud-free seamless image mosaic that was processed earlier. Secondary
data obtained from GLAD tree cover change data [15], accessed in Global Forest Watch, and RSPO oil
palm concession polygon [38] were used as a benchmark and reference to map all types of oil palm
plantation. All combinations of small-scale, large-scale, certified, and noncertified oil palm plantations
were considered here.
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The resulting maps were further verified using the web-based validation tool Laco-wiki (http:
//www.laco-wiki.net/) [39]. Laco-Wiki provides a web-based solution for validating land cover and land
use maps using a variety of reference layers, including satellite and aerial imagery and incorporating
imagery from Google Maps and Bing Maps. To ensure the crowns of individual palms could be
clearly identified, we constrained our validation sample to areas with high-resolution imagery (<5 m2).
The validation sample was selected randomly with an equal number of validation points for each map
within the oil plantations area and within a 15 km buffer outside the plantation area. The buffer was
created to make sure that sample points suitable for oil palm plantations within close proximity were
also considered, which in turn helped avoid inflating the accuracy estimates.
2.4.2. Land Cover Classification
LULC classification was done through integration of on-screen digitizing methodology
(accomplished through manual visual interpretation) and automated image classification techniques
(where the individual pixels were classified based on reflectance values using mathematical
algorithms) [40,41]. Since Sabah and Sarawak have different forest management—where each state
categorizes different forest land classes incorporating disparate sets of criteria—we harmonized the
Forests 2020, 11, 1285 8 of 22
classification classes to create a standard classification consisting of six general classes: water body,
built-up areas, peatland, oil palm, forest, and agriculture (Table 2). The oil palm class was extracted
by manual digitization, and the peatland polygon layer for 1990 was extracted by digitizing the soil
maps of Sabah and Sarawak. The soil maps were obtained from the Department of Agriculture of
the respective states. Meanwhile, the peatland polygon layer for 2018 was based on the Harmonized
World Soil Map for Malaysia [42].
Table 2. LULC classification scheme.
LULC Class LULC Description
Oil Palm This class includes all small- and large-scale oil palm plantations
Forest
This class includes natural forest cover, permanent forest estate, national/state land forest,
totally protected forest, wildlife sanctuaries, secondary forests, sparsely vegetated forests,
i.e., shrubs and grass.
Peatland This class corresponds to peat swamp forest and wetland.
Water This class corresponds to a water body including rivers, lakes, and ponds.
Built-up areas This class includes settlement, bare land, industrial zones, and commercial development.
Agriculture This class covers all types of commercial crops and commodities besides oil palm such asrubber, cocoa, and paddy.
To perform an automated classification approach to extract other classes (water body, built-up
areas, forest, and agriculture), we adopted the support vector machine (SVM) algorithm to differentiate
optimal boundaries between classes based on the training areas or region of interest that were sampled
in the images [43]. The SVM classification was applied using SVM classifier in ENVI Software and
multiple regions of interest (ROIs) were collected to represent each feature on the satellite image.
SVM is widely used for satellite image classification, which involves the use of kernel technique
to transform the dataset into a higher dimensional feature space. There are several kernels used
in machine learning classification, some of which are linear, polynomial, and radial basis function
(RBF) and Sigmoid kernel [44]. The selected kernel has to be set by the user in the specific software.
Also, common parameters—such as penalty parameter, pyramid level, and classification probability
threshold value—need to be set with the selected kernel. In this study, we applied a radial basis
function filter (RBF) with a 100.00 penalty parameter, and set the pyramid level and classification
threshold values as 0.00 [39]. This parameter setting was applied to prevent features from being
classified into one class only and to ensure that no pixel value remained unclassified. The application





= e−y(xix j)2 , γ > 0, (1)
where, xi and x j, represent feature vectors in some input space and γ is the width of the kernel function.
The proper kernel function selected will allow the data to be separated and distinguished properly
from their original input space [44].
2.5. Assessing Land Cover Change Driven by Oil Palm Plantation
To assess forest and peatland change driven by the expansion of oil palm plantations, we used
secondary data from multiple sources. These included oil palm statistics data obtained from the
MPOB, forest change extended area information from GLAD accessed through Global Forest Watch,
oil palm polygon boundary from RSPO, and peatland information obtained from the Department of
Agriculture, Sabah and Sarawak and FAO—UNESCO soil map of the world. Based on the six land-use
classes, we calculated the area of each land cover class converted to new oil palm from 1990 to 2018.
Our study did not focus on decadal changes; rather, we focused on long-range impacts. The analysis
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of oil palm expansion was run on the forest, peatland, and other lands/agriculture layers for 1990 and
2018 to determine whether the results were robust to the input land cover dataset.
The automated land cover classification was assessed using the same approach as oil palm
mapping. The resulting land-use classification was validated using the Laco-wiki validation tool.
In total, 114 validation sample points (1990, n = 56; 2018, n = 58) were selected randomly from each
classification result, and the confusion matrix was used to generate the overall accuracy, omission and
commission error, and Kappa (k) coefficients.
2.6. Calculation of Annual Carbon Emission and Uptake
The study on annual CO2 emissions (Ce)/uptake (Cu) was calculated by multiplying the
estimated oil palm/forest area with its respective CO2 emission/uptake rate (see Equations (2) and (3)).
The estimated oil palm/forest area data were obtained from a series of computation processes,
as previously explained in Sections 2.2–2.5. The CO2 emission/uptake rate, however, was obtained
from the literature [10,19], which was selected according to identical area, type of soil, as well
as the type of plant. In this study, the selected CO2 emission rate for peat soil oil palm
plantation was 24 t CO2-C ha−1 yr−1 [46], CO2 uptake rate for oil palm plantation on forest was
82 t CO2-C ha−1 yr−1 [47], while the CO2 uptake rate for forest was 32 t CO2-C ha−1 yr−1 [47].
Annual CO2 Emission (t Ce yr−1) = Area (ha) x estimated emission (t Ce ha−1yr−1), (2)
Annual CO2 Uptake (t Cu yr−1) = Area (ha) x estimated uptake (t Cu ha−1yr−1). (3)
3. Results
3.1. Land Use Classification Accuracy
The accuracy assessment was done considering the selected validation sample points. Precision
measurement indices based on a confusion matrix, user’s accuracy (UA), and producer’s accuracy (PA)
were employed. The overall accuracies of the SVM classifier for all six classes were found to be 90%
(1990) and 98% (2018) for Sarawak classification with Kappa coefficients of 86% (1990) and 97% (2018)
(Table 3). While for Sabah, the observed overall accuracies for all six classes were 87% (1990) and 97%
(2018), with Kappa coefficients of 77% (1990) and 96% (2018), respectively (Table 4).
Table 3. Sarawak land use classification accuracy assessment.
Support Vector Machine Classification Accuracy (%)
Class 1990 2018
UA PA OE CE UA PA OE CE
Oil Palm 85.40 88.73 11.27 14.60 99.42 99.13 0.87 0.58
Forest 97.40 96.50 3.50 2.60 92.63 92.86 7.14 7.37
Peatland 69.35 63.27 36.75 30.65 93.82 94.19 5.81 6.18
Water 100.00 100.00 0.00 0.00 100.00 100.00 0.00 0.00
Built-up Areas 95.09 96.23 3.77 4.91 99.96 100.00 0.00 0.04
Agriculture 74.78 57.72 42.28 25.22 97.51 97.51 2.49 2.49
Overall Accuracy 90.13 97.75
Kappa Coefficients 86.48 (0.86) 97.07 (0.97)
Note: UA = user accuracy; PA = producer accuracy; OE = omission error; CE = commission error.
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Table 4. Sabah land-use classification accuracy assessment.
Support Vector Machine Classification Accuracy (%)
Class 1990 2018
UA PA OE CE UA PA OE CE
Oil Palm 87.19 95.52 4.48 12.81 97.96 97.04 2.96 2.04
Forest 85.28 81.04 18.96 14.72 9793 98.49 1.51 2.07
Peatland 83.14 51.78 48.22 16.86 96.58 96.01 3.99 3.42
Water 100.00 88.54 11.46 0.00 100.00 98.44 1.56 0.00
Built-up Areas 88.18 80.47 19.53 11.82 100.00 100.00 0.00 0.00
Agriculture 83.87 54.17 45.83 16.13 80.93 86.07 13.93 19.07
Overall Accuracy 86.57 97.40
Kappa Coefficients 76.75 (0.77) 95.81 (0.96)
Note: UA = user accuracy; PA = producer accuracy; OE = omission error; CE = commission error.
3.2. Forest and Peatland Changes
Sarawak is the largest state in Malaysia, with 12.4 million ha of terrestrial land area. In 1990, more
than 77% of Sarawak was covered by forest. As of 2018, Sarawak forest cover had reduced to 66%.
Despite forest cover existing as the largest land cover type in 1990 and 2018, in total, more than 12% of
forests and 21% of peatlands were converted between 1990 and 2018 (Table 5).
Table 5. Amount of forest cover in Sarawak (1990 and 2018).
Type of Forest
Area (ha) Forest Cover Change
(1990–2018) (ha)
Forest Change
(1990–2018) (%)Year 1990 Year 2018
Forest 9,459,020.72 8,270,100.69 1,188,920.03 −12.57
Peatland 1,657,120.21 1,317,969.07 339,151.14 −20.47
Sabah, at 7.4 million ha, is the second-largest state in Malaysia and occupies around 10 percent of
Borneo. Sabah in 1990 had more than 75% forest cover but dropped to 64% in 2018. Sabah underwent
a rapid change within 28 years, with 16% of forest being converted. Despite the forest cover remaining
as the largest land cover type in 1990 and 2018, more than 916,175 ha were deforested within the
28 years. Meanwhile, 30,979 ha of peatland were cleared from 1990 to 2018. The loss of natural forest
and peatland between 1990 and 2018 was accompanied by the increase in the degraded forest, where
almost 16% of natural forest and 19% of peatland was lost between 1990 and 2018 (Table 6).
Table 6. Amount of forest cover in Sabah (1990 and 2018).
Type of Forest
Area (ha) Forest Cover Change
(1990–2018) (ha)
Forest Change
(1990–2018) (%)Year 1990 Year 2018
Forest 5,605,943.36 4,689,768.39 916,174.97 −16.34
Peatland 162,573.80 131,594.81 30,978.99 −19.06
3.3. Oil Palm Plantation Changes
In 1990, the expansion of Sarawak palm oil plantations was still far behind Sabah and Peninsular
Malaysia; the state had around 366,799 ha of oil palm plantation area. Expansion of oil palm cultivation
increased by 81% (increased by about 1.6 million ha) from 1990 to 2018. In 1990, the state had only
366,799 ha of oil palm plantation area, while in 2018 the oil palm plantation area rose to 1.9 million
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ha (Table 7). On the other hand, Sarawak has the largest forest land in Malaysia. In 1990, only 0.2%
(635.6 ha) of total oil palm was planted in the forest area. However, within 28 years, the oil palm
planted on forest land rose staggeringly by 14% (276,456 ha). Sarawak also has the largest area of
peatland. The expansion of oil palm plantation area has occurred tremendously on peatland area
compared to the oil palm on the forest. The coverage area of oil palm planted on peatland in 1990 was
197,323 ha (54%), which later increased to 657,273 ha (34%) by 2018. Besides, the greatest expansion of
oil palm plantation area in Sarawak can be seen in the other land used (agriculture land). In 1990, there
was 168,840 ha of oil palm planted on agricultural land, but the coverage area expanded to 990,891 ha
in 2018 with an increase of 83% (Figure 5). Overall, within 28 years, oil palm cover has increased
tremendously at the cost of 18% of forest and 30% of peatland (Figure 6).
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Sabah oil palm plantation area in 1990 was more than its neighboring state, Sarawak, with a total
area of 695,523 ha. Expansion of oil palm plantations occurred rapidly through 2018, with oil palm
plantation area now exceeding 2 million ha, with the decadal growth in 28 years approaching 65%
(1.32 million ha) (Table 8). The total area of oil palm plantations expansion in forest areas in 1990
was 172,956 ha. Expansion of oil palm plantation area since 1990 has occurred at the highest rate on
other land used (agriculture land) with 74% (517,246 ha) coverage compared to the oil palm expansion
on forest area and peatland area with 25% (172,956 ha) and 1% (5321 ha), respectively. Meanwhile,
in 2018, there were 2 million ha of oil palm planted in Sabah, with 14% planted in forest (276,431 ha).
The other 2% and 84% of the total oil palm plantation were planted on peatland and other land use
(agriculture land), with each category covering 35,627 ha and 1.2 million ha, respectively (Figure 7).
Overall, 1.4 million ha of oil palm has expanded from 1990 to 2018. Oil palm on agricultural land has
seen major expansion since 1990 with an increase in cultivation area as much as 90% (1.2 million ha),
followed by oil palm expansion on the forest with an 8% increment (103,474 ha) and 2% (30,306 ha)
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expansion on peatland (Figure 8). Based on our results, it can be concluded that even though there
occurred significant conversion of forest and peatlands between 1990 and 2018, only around 10% of
this was incurred as a result of oil palm expansion and associated land-use conversion.
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adopted by the National Action Plan for Peatlands (NAPP) in 2011 under the first to third National 
Physical Plan (NPP1-3) to establish a high standard for commercial oil palms; the target was to 
produce high initial yield and sustain the high yield throughout its life cycle, as well as to minimize 
the negative impact on peatland. All oil palms were supposed to be cultivated and planted on peat 
that is less than 3 m in depth (shallow to moderate peat depth). Based on our study findings, 100% of 
oil palms on peat in Sarawak and Sabah were planted at peat depth less than 3 m (Figure 9a,b).  
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3.4. Peat Characteristics on Oil Palm Cultivation
This study did not intend to assess oil palm cultivation from an economic perspective, but the
yield potential of oil palm planted on peatland has been a controversial issue debated worldwide.
Soil depth has been seen as one of the major impacts that can affect the yield economics of oil palm
cultivation on peatland. The soil depth is related to whether the soils are shallow (0–1 m), moderate
(>1–3 m), or deep (>3 m). Standard operating procedures (SOP) for oil palm cultivation on peat were
adopted by the National Action Plan for Peatlands (NAPP) in 2011 under the first to third National
Physical Plan (NPP1-3) to establish a high standard for commercial oil palms; the target was to produce
high initial yield and sustain the high yield throughout its life cycle, as well as to minimize the negative
impact on peatland. All oil palms were supposed to be cultivated and planted on peat that is less than
3 m in depth (shallow to moderate peat depth). Based on our study findings, 100% of oil palms on peat
in Sarawak and Sabah were planted at peat depth less than 3 m (Figure 9a,b).
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3.5. Annual Oil Palm, Forest, and Peatlands CO2 Emissions and Uptake
Based on the mapped palm oil plantations in 2018, we estimated oil palm plantations on
peat soil an ual CO2 emissions for Sar wak a d Sabah, which was found to be 0.01577 and
0.00086 Gt CO2-C yr−1, re pectively (Table 9). The total annual CO2 emissions were also recorded,
which were 0.01663 Gt CO2-C yr−1, based o a total ar a of 692,899.9 ha fo Sa awak and Sabah.
In contrast, estimated annual oil p lm plantations on forest CO2 upt ke for S rawak nd Sabah were
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0.02267 and 0.02267 Gt CO2-C yr−1, respectively (Table 10). This has also given rise to a total annual
CO2 uptake of 0.04533 Gt CO2-C yr−1 from an area of 552,886.78 ha for both states. The estimated
forest annual CO2 uptake for Sarawak and Sabah was 0.26464 and 0.15007 Gt CO2-C yr−1, respectively
(Table 11). A total annual carbon-CO2 uptake of 0.41471 Gt CO2-C yr−1 was recorded based on a total
area of 12,959, 869.1 ha for both Sarawak and Sabah.
Table 9. Estimated peat soil oil palm plantation annual carbon-CO2 emissions in Sarawak and
Sabah, Malaysia.










* Estimated flux rate from [46].
Table 10. Estimated oil palm plantation on forest annual carbon-CO2 uptake in Sarawak and
Sabah, Malaysia.










* Estimated uptake rate from [47].
Table 11. Estimated forest annual carbon-CO2 uptake in Sarawak and Sabah, Malaysia.










* Estimated uptake rate from [47].
4. Discussion
4.1. Forest Cover Loss and Oil Palm Development
Sarawak forest cover decreased from 76% in 1990 to 67% in 2018 and Sabah forest cover decreased
from 76% in 1990 to 64% in 2018. In the early 1990s, forest cover loss was primarily attributed to a
migratory program that triggered the transition of forests into settlements and fostered land clearing
activities for oil palm and other plantation endeavors [48]. The palm oil industry in Sabah grew rapidly
with a setup of a few government organizations, such as the Sabah Land Development Board and
Felda, who laid the groundwork for the land settlements scheme, and the 1990s can be considered
the era when large-scale oil planting took off in Sabah. In 2000, the oil palm area exceeded a million
hectares [2]. In parallel, there was an increase in oil palm growth in Sarawak in the 1990s and 2000s.
From 1990 to 2018, Sarawak state encountered many developments as the country was moving towards
the millennial century and the increase of nations and the state economy. Similarly, the last decade has
seen a rapid expansion of oil palm plantations in Sabah and Sarawak—where there was a greater land
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availability as compared to Peninsular Malaysia. By 2018, the Sabah and Sarawak cultivation area
accounted for 6.1% and 5.8% of the land area of Malaysia.
The Ministry of Agriculture Malaysia, through its policy forecast, the Third National Agricultural
Policy (NAP3) 1999 [49], reported 3.1 million ha of oil palm cultivation area in 2000 and 3.6 million ha
cultivation area in 2010, with an average of 50,000 ha annual expansion. However, the projection was
not met, and underestimations occurred in 2000 itself—there were 3.3 million ha of oil palm cultivation
area with 200,000 ha area overestimated with respect to the projection [10]. The new proposal by the
primary industry′s ministry advises the cabinet to cap the maximum area of oil palm plantations
for Malaysia at about 6.5 million ha, up from the 5.85 million ha at the end of 2018 [50]. The new
proposal is expected to be achieved by 2023 based on the average annual expansion of plantations
from 2013–2018. This move was made to dismiss accusations that oil palm plantations are the reason
for deforestation.
Sarawak state government had targeted to develop about 2 million ha of oil palm plantation
by 2020 [46]; our findings show that Sarawak’s oil palm plantation had reached 1.9 million ha in
2018 −18% overestimated than MPOB reports [51] and a recent study by Meijaard et al. 2018 [52].
Meanwhile, our study shows that Sabah has reached 2 million ha of oil palm area in 2018 with ~22%
overestimated to those of [51,52]. However, in many recent studies, the estimates failed to include
many independent smallholder plantings (i.e., those not included in a collaborative scheme setting
with an industrial-scale producer); these plots are more difficult to map at a global scale because of
their heterogeneous nature [26]. In tandem, it should be borne in mind that only 60.6% of oil palm
plantations have received the Malaysian Sustainable Palm Oil (MSPO) certificate nationwide; this
can make monitoring their sustainability targeted efforts difficult and might steer the government
to revoke their licenses to sell palm oil presuming a paucity of standard compliance [53]. Our study
carefully digitized every single oil palm area observed in the Landsat imagery scene, regardless of
their status (certified and noncertified), which hence explained the differences from those previously
reported (Table 12).
Table 12. Oil palm planted area in 2018 in Sabah and Sarawak.
Region










Sabah 2.01 million 1.55 million 1.57 million +22%
Sarawak 1.92 million 1.57 million 1.55 million +18%
Cultivated areas were consistently increasing during the periods of analysis, as the main livelihood
of the local people of Sabah and Sarawak shifted to the cultivation of crops. Between the 1990s and
2000s, forests and peatlands were the primary land areas used for oil palm plantations. The oil palm
in agricultural land area in Sarawak increased from 46% in 1990 to 51% in 2018, while oil palm in
agricultural land area in Sabah increased from 74% in 1990 to 84% in 2018. The cultivation of oil palm
planted on peatlands in Sarawak is significantly higher compared to Sabah. Our findings showed
that 34% (657 k ha) of the oil palm area in Sarawak in 2018 was planted on peatland; this is almost
consistent with the statistics reported by Sarawak state, where in 2018 about 660,000 ha of Sarawak’s
oil palm estates were found to be planted on peatland [51], while in Sabah there was only 2% (36 k ha)
of oil palm planted on peatland in the same year.
Sarawak has about 1.6 million ha (70%) of Malaysia’s peat soil; our results indicated that 657,273 ha
of oil palm was planted on peatland in 2018, meaning half a million ha were cleared for oil palm
plantation. Whereas Sabah has about 117,000 ha (5%) of Malaysia’s peat soil, based on our study,
35,627 ha of oil palm were planted on Sabah peatland in 2018. Oil palm planters favor having their
plantation on peat, partly as oil palms growing on peat have high fruit production abilities [54].
Moreover, planting oil palm on flat plains, such as lowland peatland, is easier for management and
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harvesting. However, our results for Sabah oil palm on peatland show that only 2% of the peatland
had been cultivated with oil palm—a small increase of 1% from the initial study year in 1990. Sabah
lacks extensive swamp forest formations, and consequently, the amount of oil palm on peat is minimal.
The absolute land area covered by oil palm is often overlooked in favor of reciting percentages of
change; however, it is important to look at the quality of land that has been used for oil palm and the
issue of deforestation. Malaysia has the highest density of oil palm in the world but also retains 55% of
the total land areas under forest cover (excluding agroforestry and oil palm) [55–57]. The results of our
analysis are consistent with the statistics reported by the state government, where Sabah and Sarawak
proudly maintain their forest cover at 63% and 66% coverage in 2018 [26,58]. From the total global
agricultural area of 1.6 billion ha, the oil palm plantation alone only accounted for 0.13% (Sabah) and
0.12% (Sarawak); these statistics provide supporting evidence that oil palm plantation is not a major
cause of deforestation in Malaysia. In addition, even though our study reveals that the proportion of
forest area destroyed by oil palm development is lower than the proportion of peatland area destroyed,
the temporal analysis still shows signs of forest loss due to oil palm expansion. Sarawak has lost
approximately 18% of its forest and 30% of its peatland, and Sabah has lost 8% of its forest and 2% of
its peatland, from 1990–2018.
The role of oil palm development in deforestation is a controversial issue, with advocates in
plantation development claiming that the oil palm cultivation area has mostly been limited to previously
degraded land, while the opponents claimed it is the primary driver of deforestation. In Sabah and
Sarawak, oil palm is mainly planted in designated agricultural land. The state′s government has a very
clear land usage policy that embraces approaches to restore and regenerate the degraded forests by
growing indigenous tree species that would mature in a short period, which could reduce the pressure
to open up new land for oil palm cultivation, hence reducing the impact of deforestation.
4.2. CO2 Related from Forest Converted for Oil Palm Plantations and from Peatland
As estimated in this study, CO2 emissions of Sarawak (0.01577 Gt CO2-C yr−1) oil palm plantations
on peat soil were higher compared to Sabah (0.00086 Gt CO2-C yr−1). This might be due to the vast
area of Sarawak peatland. Both Sarawak and Sabah, as main producers of palm oil in Malaysia, have
contributed to a total of annual CO2 emissions of 0.01663 Gt CO2-C yr−1. The total CO2 emissions
from both states, however, presents a magnitude lower than the projection for Kalimantan, Indonesia
palm oil expansion in 2020 (0.12–0.15 Gt CO2-C yr−1) [36]. In addition, Sarawak and Sabah total
CO2 uptake from both oil palm plantations on forest land (0.04533 Gt CO2-C yr−1) and total forest
annual CO2 uptake (0.41471 Gt CO2-C yr−1) were higher compared to the oil palm plantations on
peat soil CO2 emissions (0.01663 Gt CO2-C yr−1). Considering the annual CO2 emissions and uptake,
we estimate that oil palm plantations on peat soils offset, by only 4%, the forest CO2 uptake in the
year 2018. This suggests a minimal carbon impact due to land-use change relative to time. While the
estimation did not include emission/uptake from soils, this shows the possibility to achieve carbon
neutrality for sustainable oil palm activities in the long run in this particular region [47].
4.3. Peatland Depth Characteristics and Relationship with Palm Oil Production and CO2 Emission
The national action plan governed by the Malaysian Palm Oil Council (MPOC) has set a guideline
on the oil palm plantation on peatland that must refer to the standard operating procedure to sustain
the peatland. Peatland is an organic soil with wet and high moisture water content, hence increasing
the productivity of the plantations and producing better yield cultivation compared to other mineral
lands [59–62]. This explains the greater expansion of oil palm cultivation on peatland in Sabah and
Sarawak from 1990 to 2018. Peatland depth is one of the many peatland characteristics that relate
to yield production. Peatland depth and decomposition of organic matter in soil affect oil palm
plantation practices. The suitability of peat depth for oil palm plantation was classified from shallow
class (0.5–1 m)—the most suitable—to very deep (>3 m) (MPOB). The best management practice of
oil plantation on peatland in Malaysia was at a peat depth of less than 3 m [59,60]. Any plantation
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or replantation of oil palm at a depth of more than 3 m can be harmful to the peatland ecosystem
and might not help in its production as well. For example, if the plantation was planted at a depth of
more than 5 m, it will release more carbon and increase greenhouse gasses in the atmosphere (GHGs).
The relationship of tropical peatland with CO2 emission, especially in Peninsular Malaysia, Sarawak,
and Sabah, is still undergoing a lot of research. Many studies focused on temperate peatland and
only a few studies were conducted on tropical peatland [63]. According to MPOC, Malaysian lowland
peatland mostly contains wood and has the minimum CO2 emission compared to temperate peatland.
The wood in the soil will not be decomposed easily to lead to CO2 emission due to its water content.
MPOC has highlighted that different depths of soil have different soil character and contain different
organic or inorganic content that become factors of CO2 emission. Tropical peatlands, such as in
Sarawak and Sabah are under this category, and mostly the oil palm plantations take place at 0.5 m
or less than 3 m (Figure 9) [64]. It will be important that future research investigates the relationship
between peatland depth and the effect of CO2 emission resulting from oil palm plantation-induced
peatland forest conversion at the local level.
5. Conclusions
In this study, we integrated multitemporal remote sensing optical data and GIS analysis tools for
updating land cover changes and carbon dioxide emissions estimations from forest conversion driven
by oil palm plantations in Sarawak and Sabah, Malaysia. Overwhelming global demand for affordable
vegetable oil has driven the fast expansion of oil palm plantations, especially in the Southeast Asia
region. This expansion has triggered many alarming environmental issues, such as deforestation and
the destruction of natural carbon storage. The palm oil industry in Sarawak and Sabah started in 1990,
with forests as the primary land source. Our result shows that the expansion of oil palm in deeper
peatland boomed in the 2000s. Along this line, the utilization of peatland and deforestation for palm
oil plantations has been identified as one of the main challenges that need to be addressed to control
natural carbon emission into the atmosphere.
Based on our findings, we can state that oil palm-related natural carbon emissions could be
reduced by adopting and implementing RSPO best management practices to ensure that all oil palm
plantations holders align with the sustainability criteria. The government′s decision to limit the oil
palm planted area to 6.5 million hectares by 2023 is a positive step to avoid further deforestation and
CO2 emissions—especially the conversion of peatland into oil palm plantations. Clear land usage
policy by the state government on land gazette and enforcing oil palm to only be planted on designated
agricultural land will reduce pressure to open up new forest and peatland areas for oil palm plantation,
hence reducing the impact of deforestation and promoting the restoration and regeneration degraded
forests. Malaysia’s government has taken steps to protect their forests and peatland but stronger
actions and enforcement should be conducted to promote more sustainable land use in the future.
Additionally, the uptake capability of forests needs to be buttressed further to reduce the climate
change impact in this area. Curbing tropical deforestation by conserving, protecting, regrowing forests,
and planting can potentially reduce emissions and increase carbon sequestration from the atmosphere.
This effort should target Sarawak and Sabah, which retain three-quarters of the remaining peat swamp
forests in southeast Asia, to safeguard the region′s biodiversity and carbon stocks.
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